Stock return distribution in the BRICS. 
Introduction
Since Goldman Sachs economist, Jim O'neil coined the term BRIC in the early 2000s, the economies of Brazil, Russia, India and China have taken centre stage in both the global politics and economics. In 2010, South Africa joined the club, officially spreading the tentacles of the largest emerging market economies over four continents. By 2013, the BRICS accounted for almost 3 billion of the world's population, with a combined nominal GDP of US$16.039 trillion. About US$4 trillion of foreign reserves are held by the BRICS, with China alone accounting for more than a quarter.
Over the past few years, the performance of BRICS stock markets has been sterling. Data from Reuters (2012) shows that viewed in a 10 year horizon, the Morgan Stanley Capital International (MSCI) BRIC index returned a striking 450%, compared to the 320% and 98% returns on other emerging and developed markets respectively. Between 2001 and 2007 the MSCI's BRIC index returned over 500%, significantly outperforming other emerging markets. However, recent evidence shows that the hay days may be over soon. There have been slumps in the most recent period with losses of 8.6% in the past five years in dollar terms. There are also indications that China's impressive double digit growth spurt is fading. Brazil and South Africa's growth has been anaemic, and Russia faces problems in the oil and gas sector while reforms in India have been sluggish. The volatility in growth rates and stock market performance raises important questions pertinent to investments, portfolio diversification and the overall role of the BRICS in global economic growth. Will the BRICS assets continue to receive the attention they have enjoyed over the past decade? What is the nature of the risk return relationship in these markets? Questions such as these bother on the distributional patterns, volatility and predictability of stock returns as well as the efficiency of the BRICS. This article concerns itself with return distribution, and on the time series properties of stock returns. The paper extends the literature in two directions.
The first is methodological. Standard asset pricing models such as the mean variance model takes the normality of asset returns as given. Although this assumption has been pointed out to be highly unrealistic (see Mandelbroit, 1963; Rachev, 2003) even for developed markets, a significant amount of research continue to focus on the normality of returns as a starting point. This is not surprising since the computational intensity underlying alternative distributions is both time consuming and more daunting. More so, the properties of the normal distribution are sufficiently well known and studied in the literature. However, the consequence of relying on models of normal returns may lead to significant underestimation of the risk of investing in emerging markets, particularly if the distribution is skewed and fat tailed. This paper thus questions the over reliance on the normality assumption that exist in the extant literature on the distribution of returns in emerging markets. Departing from extant literature we employ a multivariate skewness and kurtosis test of Mardia (1970) and the joint skewness and kurtosis test of Henze and Zirkler (1990) .
The second contribution is to extend the literature on the peculiarities of asset returns in the BRICS. A number of research efforts have been expended in understanding the return distribution of emerging markets generally, however, a lot remains to be learned about the BRICS stock markets efficiency in allocating scarce resources. Moreover, the most comprehensive study of the return distribution of emerging markets appeared nearly two decades ago (Bekaert et al., 1998) . On the empirical regularities emerging markets are noted to have low/or negative correlations with the more developed world (see Harvey, 1995; Alagidede, 2010) ; emerging market economies offer returns that exceed industrial-market returns (Buckberg, 1995; Reuters, 2012) . Both of these facts suggest that unexploited profit opportunities may exist. At the same time, emerging market returns tend to exhibit high volatility and autocorrelation, long run predictability and generally low levels of liquidity (Bekaert and Harvey, 1997; Aggarwal et al., 1999; Kasman et al., 2009; Blitz et al., 2013; Hull and McGroarty, 2014) . These stylized features may signal market inefficiency and opportunities for profitable arbitrage. Understanding the dynamic behaviour of stock returns in the BRICS is crucial for portfolio managers, policy makers, and researchers. We contribute to this strand of the literature by accounting for return dynamics in different time horizons and currencies.
Stylized facts of BRICS stock markets
The key facts about BRICS stock markets are indicated in Table 1 . For the sake of brevity, and in line with data availability, the World Development Indicators for the stock market variables are only reported for 2012. The market capitalization, turnover ratio and trading value are all expressed as a percentage of GDP. Market capitalization is the share price multiplied by the number of shares outstanding, and it is a rough benchmark for judging a company's net worth. The turnover ratio is derived by dividing the value of total shares by the market capitalization. While the total value traded ratio captures trading relative to the size of the economy, and the turnover ratio measures trading relative to the size of the stock market. In practice, the turnover ratio proxies the liquidity of the market: high turnover is an indicator of low transaction costs.
From Table 1 , no single BRICS country dominates in terms of all indicators, unsurprisingly confirming the diversity of depth, performance and influence of the national stock exchanges. Judged by market capitalization, the Chinese market stands out. The Shenzen, Shanghai and Hong Kong stock markets had a market capitalisation of $3.7 trillion dollars at the end of 2012. The Shenzen stock exchange is overwhelmingly dominated by state owned enterprises which are the back bone of the Chinese economy, while the Shanghai is not fully opened to foreign investors. Brazil and India have market capitalisation of about $1.2 and $1.3 trillion as of 2012, respectively. In the BRICS, Russia and South Africa are the smallest markets using this indicator at $874 billion and $612 billion, respectively. In relation to the size of the domestic economy, however, South Africa dominates as seen from Table 1 . The size of the stock market as a proportion of GDP is a whopping 159%. This gives a high value of shares traded as proportion of GDP in South Africa (81%) than any country in Table 1 . Interestingly, China's stock market is 44% of GDP, slightly bigger than the Russian 43% but less than Brazils 54% and India's 68%. With the exception of South Africa and China, total value traded as a share of GDP is less than 40% as of 2012.
The number of listed domestic companies amounted to 5191 in India in 2012. This is about 15 times the number of companies in Brazil and South Africa and about 19 times the number of domestic companies listed in Russia's stock market. China comes second with 2494 companies. The most liquid of the BRICS stock markets is China (164%), followed by Russia (87%) and Brazil (67%). India and South Africa have a turnover ratio of about 54%.
Empirical strategy and data
The analysis of the data for this study follows three steps. First we examine the nature of the probability distribution of the index return series for the BRICS measured in both US dollars and local currency and for different holding periods: daily, weekly and monthly. While this analysis is an end in itself, it also offers important information relevant for selecting the appropriate statistical model for performing inference on the return generating process. To achieve this aim, we employ the Mardia (1970) skewness and kurtosis, and Henze and Zirkler (1990) test for joint skewness and kurtosis.
Tests and estimates based on the sample mean vector and sample covariance matrix have been shown to have poor efficiency properties when heavy tailed noise distributions are present in a data set. Mardia (1970 Mardia ( , 1974 Mardia ( and 1980 pioneered measures of skewness and kurtosis, and demonstrated that functions of the third and fourth moments are asymptotically distributed as 
and the kurtosis is similarly
Under multinormality, b 1,p and b 2,p are asymptotically normal and asymptotically independent and consequently the limiting distributions of n(b 1,p /6) and
) are a chi-square distribution with p(p + 1)(p + 2)/6 and a N(0, 1) distribution respectively.
However, despite its widespread use the statistic has been found wanting in distinguishing well between 'skewed' and 'non-skewed' distributions (see Mecklin and Mundfrom, 2005) . Thus it is possible to combine this statistic into an omnibus test to improve the power of the test. Consistent and invariant tests proposed by Epps and Pulley (1983) are an example. The Epps and Pulley (1983) statistic is based on
where Φ n (t) is the empirical characteristic function,Φ 0 (t) is an estimate of the characteristic function of the normal distribution, and, G(t) is a weight function. Henze and Zirkler (1990) proposed a multivariate extension to the test statistic above, namely
where Φ n (t) is the empirical characteristic function of the standardized observations,Φ 0 (t) is the characteristic function of a multivariate standard normal distribution, and ϕ β (t) is a kernel function. Henze and Zirkler (1990) use the density function of a N p (0, β 2 I p ) random vector (β ∈ ) in deriving their test statistic and they show that the test statistic has a lognormal asymptotic distribution and derive a closed form expression for D nβ . Using various values of β Henze and Zirkler (1990) conducted a simulation study to compare their statistic with others, including Mardia's (1970) multivariate measures of skewness and kurtosis. The choice of β = 0.5 in a simulation exercise can produce a powerful test against alternative distributions with heavy tails, and in comparison with other kinds of distributions: independent marginals, mixtures of normal distributions, and spherically symmetric distributions, the multivariate joint test for skewness and kurtosis is noted to have good power properties, and more reliable than those obtained from univariate descriptive statistics (see Henze and Zirkler, 1990) .
The second step involves testing for the presence of autoregressive conditional heteroscedasticity (ARCH) in the mean of the index returns for the BRICS. Again, whiles the presence of ARCH effect in the mean of the return series offer important information about the return behaviour and efficiency of markets, it also offers vital information in selecting the appropriate model for the return generating process.
In the third step, we estimate a statistical model that appropriately captures the essential features of the return generating process.
The rests of this section is devoted to the description of the econometric or estimation technique adopted, and a brief description of our data. To begin with, we assume that the log of the stock price index follows a random walk with a drift. That is:
Eq.
(1) implies the following expression for the return generating process (RGP):
In many applications, it turns out that the effect of positive news tends to differ from negative news of equal size, on average. To account for this, we adopt the exponential generalized autoregressive conditional heteroscedasticity in the mean (EGARCH-M) of the return series. We also augment the standard EGARCH-M specification with ARMA(p,q) model. The specific functional form of the model adopted for this study is:
With the above specification, R t is the market return and μ is the expected return, h t is the risk premium (volatility), ε t is the error term that we assume to have a student-T distribution due to the skewness and excess kurtosis of each of the series, while p and q are the optimal lag orders for the autoregressive (AR) and moving average (MA) terms respectively. The inclusion of the risk premium term in the mean Eq. (4) is to model the relationship between expected return and risk. A significant and positive ϕ implies that expected return is positively related to risk and a negative relation if the reverse is true. Additionally, to account for possible asymmetry of news on return-risk relationship, we apply the exponential generalized autoregressive conditional heteroscedasticity (EGARCH) model proposed by Nelson (1991) , in which the volatility (h t ) as presented in Eq. (3) is express as;
This specification is much more flexible since we do not need to explicitly impose non-negativity restrictions on the parameters in the ARCH and GARCH terms in the model. The reason is that the log transformation ensures that the variance is non-negative and therefore free from the problems of possible negative variance as in the case of the standard GARCH models. The α 1 is the parameter that capture leverage effect, implying that a significant positive α 1 is an indication of positive innovations having more effects on returns than negative innovations, γ 1 is the symmetry term and δ 1 the GARCH term, while ω is the constant term in the volatility equation.
Data sources and descriptions
The data employed in this paper is the Morgan Stanley Capital International (MSCI) indices for emerging markets, focussing mainly on Brazil, Russia, India, China and South Africa. We use the MCSI World Index as a proxy for the World portfolio. The MSCI data for emerging markets captures large and midcapitalisation stocks and it covers roughly 85% of the free floatadjusted market capitalization in each country. The data is from the period January 1995 to May 2014. For completeness we use daily, weekly and monthly data reported in both US dollars and local currency values. This allows us to compare the behaviour of returns across different time horizons and to examine the impact of exchange rate variations on stock returns. All the series under consideration are obtained from Thomson DataStream.
Following Pukthuanthong and Roll (2009) , we filter returns to purge holidays and nontrading days.
Emerging market return distribution
In this section we examine the distribution of the return series. First we look at the summary statistics from the return series. Next we test for the presence of skewness and kurtosis in the returns (both in US dollars and local currency) on daily, weekly and monthly frequencies. Summary statistics on all the series that we examined are reported in the Appendix. Judging by the Jarque-Bera statistic, the reported summary statistics on the return series indicate non-normal distribution for all the series both in US dollars and local currency for daily, weekly and monthly holding periods. In almost all the cases examined here, the skewness coefficient is negative with the exceptions being daily dollar returns for China and daily returns in local currency units for Brazil and China. Thus the implication from the summary statistics suggest that the probability distributions of BRICS returns for daily, weekly and monthly holding periods are negatively skewed, indicating that the left tails of the distribution are either longer or fatter (or both) than the right tail.
Following the clue from the summary statistics, we undertake a formal statistical test to produce evidence on the skewness and excess kurtosis of the return series for the BRICS. The results are reported in Table 2 (for daily returns), Table 3 (for weekly returns) and Table 4 (for monthly returns).
Three different tests are employed -Mardias kewness test, Mardia kurtosis test and Henze-Zirkler joint skewness and kurtosis test. As can be seen from the upper panel of Table 2 , the null hypothesis that the skewness coefficient is not statistically different from zero for the daily return series is flatly rejected by the Mardia skewness test for Brazil, Russia, South Africa and the World. In the case of India and China, however, the null hypothesis is not rejected at the conventional level of statistical significance. There is strong evidence of excess kurtosis (leptokurtosis) in the daily stock return series for the BRICS market indexes as well as the World stock market index. The Mardia kurtosis test for excess kurtosis in the return series flatly rejected the null hypothesis in all the cases at 1% level of statistical significance. The strong evidence of excess kurtosis in the daily dollar return series is confirmed by Henze-Zirkler joint test for the evidence of skewness and excess kurtosis. The null hypothesis is rejected at the 5% level of statistical significance or lower. The evidence reported here gives strong indication that the probability distribution of the daily dollar stock returns for the BRICS exhibits peakedness with fatter and long tails. Jointly, these indicate that the probability distribution is non-normal, and special attention needs to be taken when performing statistical inference on them.
This conclusion is invariant to the unit in which the returns are measured. This is confirmed by the results reported in the lower panel of Table 2 where the null hypotheses of no skewness, no kurtosis and no joint skewness and kurtosis in daily stock returns in local currency units are all rejected at conventional level of significance. It has been pointed in the extant literature that the normality assumption on the probability distribution of stock returns are more likely to be violated in high frequency data than a low one. We therefore repeat the above skewness and kurtosis test on weekly and monthly stock returns for the BRICS as well as the World. Again, we consider both the returns measured in local currency units and the US dollar. The findings on the weekly returns series concerning skewness and kurtosis of their underlying probability distributions are not at variance with those reported on daily return series.
With the exception of Russia where the null hypothesis of no skewness is not rejected for both returns in the local currency units and US dollar weekly series, the null hypothesis of no skewness in the probability distribution of returns is rejected for the remaining BRICS weekly return series. In terms of kurtosis, the null hypothesis is rejected for all the weekly return series measured in terms of both the US dollar and local currency units.
The Henze-Zirkler joint test for skewness and kurtosis in the probability distribution of weekly BRICS returns (both local currency and US dollars) rejected the null hypothesis flatly for all the BRICS market as well as the World stock market returns. The implication here is that the weekly return series inherits the fatter and longer tails and peakedness that characterized the probability distribution of daily stock returns, at least for the BRICS and the World stock market as a whole. We now consider the tail and peak behaviour of the probability distribution of monthly index returns for the BRICS and the World Stock markets. In the preceding paragraph, we arrived at the conclusion that weekly return series inherits the properties of the distribution of daily returns. It is thus important to ask whether monthly returns also inherits the properties of the probability distribution of weekly returns and hence those of daily returns. We thus search for evidence of skewness and kurtosis in monthly returns for the BRICS in both dollar series and local currency series. The results are reported in Table 4 . Consistent with our results on daily and weekly returns, the Mardia tests for skewness and kurtosis rejected the null hypothesis of no skewness and no kurtosis in the probability distribution of monthly stock returns. Henze-Zirkler joint test for skewness and kurtosis in the probability distribution of monthly returns also rejected the null hypothesis in all cases. This conclusion is not sensitive to the unit in which monthly returns are measured (either in US dollars or local currency units). Thus the evidence of nonnormality in the distribution of BRICS index and World market index returns is robust. In line with Bekaert et al. (1998) we are able to establish that the BRICS stock returns exhibit time varying skewness and kurtosis. The underlying structure of the BRICS: their potential for large growth swings, susceptibility to regulatory and political changes, and continued integration into the global economic and financial system may thus lead their stock returns to deviate significantly from the Gaussian assumption. As a result, any statistical inference which relies on the normality of the distribution of returns has the potential of making erroneous conclusions.
Volatility, predictability and risk-return relationship
In this section we estimate and report evidence on the volatility, predictability and risk-return relationships for the BRICS index returns. Due to the similarities in the distribution of the return series for the daily, weekly and monthly holding periods, we only focus on modelling daily return behaviour. To begin with, we test for the presence of ARCH effects in the mean of the daily returns using the Lagrange multiplier (LM) test. The results are reported in Table 5 .
The results of the Lagrange multiplier (LM) test for the presence of ARCH effects in the mean of BRICS index return series flatly rejected the null hypothesis of no ARCH effects at 1% level of statistical significance for all the countries. This conclusion is invariant to whether the BRICS index returns are measured in the local currencies or in United States dollars. The invariance of the presence of ARCH effects in the mean of the returns for the BRICS suggests that exchange rate movements have not affected BRICS index returns volatility; an empirically testable proposition.
The variance is time dependent and thus need to be accounted for in any statistical model aimed at capturing the return generating process of these countries.
Given the evidence of the presence of autoregressive conditional heteroscedasticity in the mean of BRICS index returns, we proceed to model the mean and the conditional variance of each of the BRICS market indexes using ARMA(p, q) − EGARCH(m, n) − M. The results of our estimates are reported in Table 6 (for daily returns measured in US dollars) and Table 7 (for returns measured in local currency. The model diagnostic statistics reported at the lower parts of Tables 6 and 7 indicate that the estimated mean and conditional variance equations were correctly specified. In particular, the Ljung-Box Q-statistic at both lags 11 and 25 did not reject the null hypothesis that the mean equation is correctly specified for all the BRICS index returns. Also, the Ljung-Box Q-squared statistic failed to reject the null hypothesis that the conditional variance equation is correctly specified. The estimated ARMA(p, q) − EGARCH(m, n) − M adequately captures the conditional mean and variance of the return generating process for the BRICS. We therefore turn to the interpretation of the estimated parameters. According to the results reported in Table 6 , the expected daily index return is statistically not different from zero for Brazil, India, China and South Africa. However, the index for Russia and the World index promise a positive return. The estimated mean return for Russia is 0.248 and it is statistically significant at 1% level. For the World index return, the estimated mean is 0.078 which is also statistically significant at 1% level. When returns are measured in local currency however, the expected daily index returns for Brazil and China are negative and statistically significant at 1% level. The estimated expected return for Brazil and China are −0.121 and −0.084 respectively. On the contrary, Russia and the World index returns are both positive and statistically significant on the average, when returns are measured in local currency units. For Russia and the World index, the estimated expected daily index returns are 0.197 (which is statistically significant at 5% level) and 0.103 (which is statistically significant at 1% level) respectively. The estimated expected daily index returns in local currency units are, however, not statistically different from zero for India and South Africa. Thus, for India and South Africa the daily index return is zero and positive for Russia, irrespective of the unit in which returns are measured.
One implication of the capital asset pricing model (CAPM) is that expected return and risk are related positively. For a rational risk-averse investor to take on an additional risk, he must be compensated with additional return. We confront this prediction of CAPM with BRICS index returns data. The risk-return relationship parameter is captured by the coefficient on varphi (ϕ) of the ARCHM part of the results reported in Tables 6 and 7. From  Table 6 the estimated coefficient on the risk variable (appropriately interpreted as the risk premium) is positive for all the BRICS except Russia and the World index, for daily dollar returns. In sharp contrast with the predictions of the CAPM, the coefficient on the conditional variance in the mean equation which captures the relationship between risk and return are negative and statistically significant for Russia and the World. This is a violation of rational behaviour of risk-averse investors in equity markets. However, the estimated risk-return relationship is only statistically significant for Russia, China (10% level of significance) and the World (5% level of significance). With returns measured in local currency however, the estimated coefficient on the conditional variance in the mean equation is positive and statistically significant for Brazil and China but negative and significant for the World. However, given the negative mean local currency return for Brazil and China, the estimated positive relative risk aversion coefficients implies a negative relationship between risk and return, a finding which is inconsistent with the CAPM. The World local currency index return also violates the predicted positive risk-return relationship by the CAPM since the estimated mean return is positive while the estimated risk aversion parameter is negative and statistically significant.
We now turn to the question of predictability of daily index returns both in US dollars and local currency units and the implications thereof for the efficiency of BRICS markets. In well-functioning equity markets the prices of the securities traded act as though they fully reflect all available information and react instantaneously and in an unbiased fashion to new information (Fama, 1970 (Fama, , 1991 . If this were not the case, it would be possible to obtain riskless return, casting doubts about the ability of the stock market to efficiently allocate capital. The weak form of the efficient markets hypothesis thus precludes any predictability on the basis of past information (see Fama, 1991) . Are BRICS stock returns predictable?
This question can be answered from the ARMA(p, q) component of the estimated ARMA(p, q) − EGARCH(m, n) − M reported in Tables 6 and 7 . According to the results reported in Table 6 , the coefficient on the AR(1) is positive and statistically significant at 1% level for Brazil, India, China and the World index daily returns. Not only are these coefficients statistically significant, but also economically given the large size of the coefficients. For instance, the coefficient AR(1) are 0.999, 0.990, 0.998 and 0.057 for Brazil, India, China and the World index respectively. Interestingly, this sub group for the BRICS markets also showed negative and statistically significant coefficient on the first lag of the moving average (MA) component of the estimated ARMA(p, q) − EGARCH(m, n) − M. The estimated coefficient of the first lag of the shock to the mean process is −0.997 for Brazil, −0.997 for India and −0.997 for China. The implication from this is that past information about returns (prices) have predictive power on current and future returns(prices), a sharp contrast to the weak-form efficiency hypothesis. In the case of Russia and South Africa, there is no evidence that past returns and shocks to return prove any information in predicting current and future returns(prices). Does predictability necessarily imply inefficiency, and do stock prices in the BRICS reflect a rational assessment of fundamental values? Our answer is that without a notion of the model of return generation one cannot draw definite conclusions on the time series patterns alone. To this end we side with the theoretical conclusions of LeRoy (1973) and Lucas (1978) that rational expectations equilibrium prices need not form a martingale sequence.
Measuring returns using local currency series changes the results for Brazil and South Africa. In the case of Brazil neither past returns nor shocks to it offer any predictive power on current and future returns. This is in sharp contrast with the finding obtained when we measure returns in US dollars. For South Africa there is positive and statistically significant AR (1) and a negative and statistically significant MA(1) effect in the return generating process. This implies that past returns and past shocks to returns can be used to predict current and future daily Rand returns in the South African stock market. This finding may suggest the existence of profitable arbitrage. China, India and the World index are predictable, but this is invariant to whether returns are measured in local currency or US dollars. The predictability of BRICS returns seem to concur with similar studies on emerging markets (see for example Cooper, 1982; Darrat, 1990; Errunza and Losq, 1985) , which examined the weak form version of the efficient markets hypothesis. The presence of first order first-order serial correlation in stock prices shows that information may not be fully incorporated in security prices. Dailami and Atkin (1990) argue that positive serial correlation may result in slow incorporation of new information, insider trading, or infrequent trading. There may be barriers to the dissemination of information, and companies appear to divulge less information with a greater time lag than is the norm. On the other hand, negative serial correlations may signal thin trading and subject to speculative influences.
Volatility persistence
Volatility persistence in the return series for each of the countries is described by both α 1 and δ terms in Tables 6 and 7 . The parameter α 1 represent the lagged squared residuals from the EGARCH-M model, while δ is the lagged conditional variance term in the EGARCH model. Volatility is said to be persistent if the sum of the two volatility terms is close to unity, less persistent if less than unity and explosive if greater than unity. In both return series (in dollars and local currency) as reported in Tables 6 and 7 , we find strong indication of volatility persistence for Brazil, the magnitude of the persistence terms sum-up to close to unity (0.944 and 0.976 for returns in dollars and local currency, respectively). We find less volatility persistence in the return series for all the other countries and also the World index return, irrespective of the unit of currency (dollars or local currency). The implication of these results is that, all the BRICS countries (with the exception of Brazil) show no evidence of long-memory in their respective return series. This means that shocks to volatility tend to decay very quickly, implying that previous volatility do not have a strong predictive power on current volatility. These results are, however, conditional on the model specification and the distribution assumption made in the estimation. Since all descriptive statistics and normality test along with testing for the effect of autoregressive conditional heteroscedasticity pointed towards the model used in estimating the parameters presented in Tables 6 and 7 , these results are very satisfactory.
Asymmetry in volatility
An avalanche of empirical research in emerging market returns distribution point to significant leverage effect, where higher volatility tend to follow negative returns (see Alagidede, 2011 and references therein) . Asymmetries in the distribution of returns may arise either because of shocks to systematic risk factors that affect the cross section of returns, or because of country-specific shocks. This is taken up in the results reported in Tables 6 and 7 . The evidence reveals a positive leverage effect for all return series (both in dollars and local currency), except South Africa which is insignificant. These results are confirmed by the misspecification test of Ling and McAleer (2000) and McAleer et al. (2007) (results reported in the Appendix) that the asymmetric EGARCH-M model best fit the BRICS data, and account for the volatility process well.
These results thus contravene the findings of Bekaert and Harvey (1995) and Bekaert and Harvey (1997) who do not find support for leverage effects in emerging markets.
Conclusion
This paper examined stock returns distribution in the biggest emerging market economies. Previous research has established that standard asset pricing models consistently fail to account for all the peculiarities of emerging markets returns. For instance, returns are noted to be highly volatile and non-normally distributed. Long horizon returns are predictable while there is significant autocorrelation in returns. After over two decades of research in emerging market economies, the issue of return distribution is far from settled. New data and empirical techniques, coupled with faster growth and increasing importance of emerging markets allow us to re-examine the distribution of stock returns for Brazil, Russia, India, China and South Africa for the period 1995-2014.
Using a multivariate joint test for skewness and kurtosis, and accounting for risk premia and conditional heteroscedasticity we arrived at the following findings: (a) the distribution of stock returns for the BRICS exhibits peakedness with fatter and longer tails. This is invariant to both the unit of measurement and the time horizon in which returns are studied. We argue that the underlying structure of the BRICS, particularly their potential for large growth swings, susceptibility to regulatory and political changes may lead their stock returns to deviate significantly from the Gaussian assumption and this ought to be incorporated in any inferences on return distribution. (b) While the stock markets of China and India are predictable irrespective of unit of measurement, return predictability for Brazil and South Africa are conditional upon whether we are looking at local currency or US dollar returns. Without an explicit model of the price generating process it is difficult to judge the weak form (in) efficiency of these markets on the basis of the time series properties alone. (c) All markets exhibit volatility clustering, and while this decays for most markets, it tends to be persistent for Brazil. Thus although shocks to current volatility may perpetuate through time, there is no evidence of long memory. (d) The socalled leverage effect is confirmed for all but South Africa, while the risk-return relationship is dynamically related to individual country and model specification. 
Appendix A. Summary statistics of BRICS returns

